Introduction
Cross-sectional volatility (CSV) is defined as the standard deviation of a set of asset returns over a period. This dispersion measure is of fundamental importance, as it represents the opportunity set for active portfolio management. For instance, if the dispersion of stock returns is very small, then all stocks behave similarly and there is little opportunity to outperform the market. Conversely, when CSV levels are high, performance differences among active managers are more pronounced, as shown by Ankrim and Ding (2002) .
A useful characteristic of CSV is that, unlike time-series volatility, it uses only the most recent information. In fact, Solnik and Roulet (2000) showed that under a set of simplifying assumptions, cross-sectional data could be used to provide an "instantaneous" measure of realized correlation.
Another question of major interest for global equity portfolio managers is the relative importance of industries versus countries. If country effects dominate, then primary investment consideration should be given to the country allocation decision. On the other hand, if global economic integration is lessening the distinctions between countries, then an industry-first investment process may be more appropriate.
The industry-versus-country question has received much attention over the years. One early study was by Grinold, Rudd, and Stefek (1989) , who used a global multi-factor model to show that countries had greater explanatory power than industries over the period 1983 -1988 . Heston and Rouwenhorst (1995 also studied the issue; they constructed a factor model for developed Europe containing 7 industries and 12 countries and found that country factors were far more volatile than their industry counterparts over the period [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] . However, in a subsequent study, Cavaglia, Brightman, and Aked (2000) investigated a broader universe comprising 21 developed markets and 36 industries and found that industry effects had overtaken country effects in the late 1990s.
More recently, Puchkov, Stefek, and Davis (2005) used a two-tiered factor model to study the relative importance of countries, global industries, global styles, and purely local factors. They found that countries nearly always dominated global industries in developed markets over the period 1992-2004. The exception is the sub-period from 1999-2002, when the two effects were comparable. In their approach, global styles were found to be far weaker than either countries or global industries.
While the above studies certainly helped shed light on the drivers of global equity returns, they share one or more basic shortcomings. First, style factors are either entirely missing or estimated in a manner that masks their full strength. For instance, style factors are completely absent from the models used by Heston and Rouwenhorst (1995) , as well as Cavaglia, Brightman, and Aked (2000) . In the model used by Grinold, Rudd, and Stefek (1989) , the effect of market beta is combined with the country factor rather than attributed to a style factor. Naturally, this makes country effects seem stronger at the expense of style factors. The second basic shortcoming is that some of the models do not treat industries and countries symmetrically. For instance, the inclusion of market beta with the country factor by Grinold, Rudd, and Stefek (1989) gives a material advantage to country factors over industries. Similarly, the estimation methodology employed Puchkov, Stefek, and Davis (2005) gives preferential treatment to country factors at the expense of industries and styles, as we later discuss.
In this paper, we present a new framework for analyzing cross-sectional volatility and investigating the relative importance of countries, industries, and styles. Our methodology provides an exact decomposition of CSV into contributions from individual factors. These contributions can then be cleanly aggregated to answer questions regarding the net strength of entire categories of factors. Furthermore, our approach treats all factors (i.e., countries, industries, and styles) on an equal footing, and thus represents a powerful new tool for investigating the relative importance of these drivers of global equity returns.
Time-Series x-sigma-rho Attribution
Before presenting our decomposition of cross-sectional volatility, it is useful to briefly discuss attribution of time-series volatility. In general, a portfolio's return t R over period t can be attributed to a set of sources m ,
where m x is the portfolio exposure to the source and mt g is the return of the source. As shown by Menchero and Davis (2010) , the time-series volatility of the portfolio   R  can be attributed to the same sources via the x-sigma-rho formula:
Here,   three drivers of portfolio volatility: (a) the size of the position, x, (b) the stand-alone volatility of the source, sigma, and (c) the correlation between the source and the overall portfolio, rho. This risk attribution framework has also been generalized to the case of extreme risk, as discussed by Goldberg, Hayes, Menchero, and Mitra (2010) .
Cross-Sectional x-sigma-rho Attribution
The x-sigma-rho formula can be further extended to decompose cross-sectional volatility.
Suppose that the return of stock n is expressed according to a multi-factor model,
where k f is the return of factor k , nk X is the stock exposure to the factor, and n u is the idiosyncratic return not explained by the factors. The CSV is defined as
where n w is the weight of stock n , and r is the mean return of the estimation universe. As shown in Appendix A, application of the x-sigma-rho formula yields
This states that there are three drivers of CSV due to factors: (a) the magnitude of the factor return, k f (b) the cross-sectional volatility of the factor exposures,   
Global Factor Model
To investigate the relative importance of countries, industries, and styles, we construct a global factor model that contains a world factor, 48 country factors spanning both developed markets and emerging markets, 24 industry groups based on the Global Industry Classification Standard (GICS ® ), and 8 style factors. The model is derived from the Barra Global Equity Model, GEM2, as described by Menchero, Morozov, and Shepard (2010) , but with several notable modifications as we now discuss.
First, to avoid introducing biases in favor of either country or industry factors, we standardize all style factors on a global-relative basis. By contrast, for purposes of maximizing the explanatory power of the model, GEM2 standardizes some style factors on a global-relative basis and others on a country-relative basis. Second, we use 24 industry groups for our study, versus 34 industry factors used in GEM2. For present purposes, we adhere to a single level of the GICS hierarchy with slightly fewer industries than countries. By contrast, the 34 GEM2 industry factors were designed to maximize the explanatory power of the model within a relatively parsimonious factor structure. Obviously, if the GEM2 industry factors were used, it would give added importance to the industry factors, although it would not alter the main conclusions of this paper. Finally, we use full market-capitalization regression weighting, versus square-root market-cap weighting in GEM2. Whereas square-root weighting is more appropriate for risk forecasting purposes, full cap weighting is more relevant for active managers seeking investment opportunities.
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The stock returns within our global factor model are given by
Here, w f is the return of the world factor, ( ) c n f and ( ) i n f are the country and industry factor returns pertaining to stock n , ns X is the stock exposure to style factor s , s f is the return of the style factor, and n u is the specific return of the stock.
The eight style factors are taken from the Barra GEM2 model and are described in detail by Menchero, Morozov, and Shepard (2010) . The style factors include volatility, momentum, size, value, growth, leverage, liquidity, and non-linear size. Note that the volatility factor essentially captures the effect of market beta. Style factors are standardized to have a cap-weighted mean of zero and standard deviation equal to one over the estimation universe. The estimation universe is taken as the MSCI All Country World Investable Market Index (ACWI IMI), a broad index that aims to reflect the full breadth of investment opportunities in developed and emerging markets.
We perform monthly cross-sectional regressions from January 1993 through April 2010. Note that the regression in Equation 6 contains two exact collinearities. Namely, the sum of country factor exposures replicates the world factor exposure, and likewise for the sum of industry factors. Therefore, two constraints must be applied to obtain a unique solution. We follow the approach of Heston and Rouwenhorst (1995) and set the sum of cap-weighted country and industry factor returns to zero every period.
Under this model specification, the pure world factor portfolio is represented by the cap-weighted estimation universe. The pure country factor portfolios are 100 percent long the particular country, 100 percent short the world portfolio, and have zero exposure to every industry and style factor. Similarly, pure industry factor portfolios are 100 percent long the particular industry, 100 percent short the world portfolio, and have zero exposure to every country and style factor. Finally, pure style factors have unit exposure to the particular style, and zero exposure to every other style factor, country, and industry. This regression approach cleanly disentangles the effects of multicollinearity, and captures the pure effect for every factor. For a more in-depth discussion of factor portfolios, see Menchero (2010) .
Empirical Results
In Figure 1 , we report the total CSV from January 1994 to April 2010, as well as the contributions from factors and stock-specific sources. Results were computed using cap weights, and lines were smoothed using 12-month rolling averages. Note that average CSV levels vary widely, ranging from a peak of 14 percent monthly in the wake of the internet bubble to a low of under 7 percent during the 2005-2007 bull market. Please refer to the disclaimer at the end of this document.
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Over the sample period, most of the CSV was explained by the idiosyncratic component, reflecting the high "noise" levels characteristic of equity returns. The ratio of the factor CSV contribution to the total CSV gives the relative
where r is the mean return of the estimation universe. For instance, from Figure 1 we see that in January 1994 the explained CSV was about 3 percent versus a total CSV of roughly 8 percent.
The relative 2 R , therefore, was approximately 38 percent.
In Figure 2 , we examine the contribution to CSV by factor type. In the mid-1990s, countries strongly dominated industries. Beginning in 1999, however, industries overtook countries in importance, consistent with the findings of Cavaglia, Brightman, and Aked (2000) . A commonly held -but erroneous -view is that style factors are typically less important than either industries or countries. The basis for this misperception is the empirical observation that style factors are typically less volatile than country or industry factors. To understand why style effects can be so strong despite their low volatility, consider the following. Assuming collinearity among the factors to be negligible, Equation 5 can be simplified to give
This approximation says that the contribution to CSV from an individual factor is proportional to the product of the squared factor return and the cross-sectional variance of factor exposures. Although style factors typically have small factor returns compared to countries or industries, their cross-sectional variance is much larger.
More specifically, if k W is the weight of assets with exposure to country or industry k , then the cross-sectional variance of factor exposures is given by
A fairly large country or industry may have a weight of 10 percent, which leads to a crosssectional variance of 0.09. A typical country, however, may have a weight of only two percent, 7 of 21 Please refer to the disclaimer at the end of this document.
which leads to a cross-sectional variance of only about 0.02. By contrast, style factors have cross-sectional variance equal to 1.0 by construction, which is more than 10 times that of a large country/industry and perhaps 50 times that of a typical one. Therefore, although style factor returns may be smaller, this may be more than compensated for by their large cross-sectional variance.
The empirical results in Figure 2 ( i.e., that style factors sometimes dominate countries and industries) are in contrast to the earlier work of Puchkov, Stefek, and Davis (2005), who found that global styles were always weaker than countries or industries. We believe that the main source of this discrepancy is that our methodology estimates factor returns directly in a one-step regression that treats all factors on an equal basis, whereas the Puchkov approach uses an indirect, two-step procedure that effectively transfers explanatory power to country factors. More specifically, in the Puchkov approach, local factor returns for industries and styles are first computed within each country. In the second step, these local factor returns are used to estimate global factor returns for countries, industries, and styles. An effect of this estimation procedure is to mask the strength of the style factors. That is, since the style factors are estimated within each country, they will not explain that portion of a country's return due to a style tilt, which is instead picked up by the country factor.
Another question of major interest for international investors is the relative importance of developed markets versus emerging markets. This question can be investigated using our framework by aggregating CSV contributions within each group of factors. In Figure 3 , we plot the total CSV contribution from countries and also the contributions from developed markets and emerging markets. In the 1990s, it is clear that developed markets consistently dominated emerging markets. Since 2005, however, emerging markets increased in importance to be roughly on par with developed markets. In fact, during the financial crisis of 2008, emerging markets dominated developed markets by a sizeable gap.
We can also drill into each category of factors. To illustrate this point, in Figure 3 we plot the CSV contribution from Japan, a particularly strong developed-market factor. In the early history, Japan contributed nearly half of the CSV attributed to developed-market factors. Since 1997, this proportion has decreased, although Japan has remained a major contributor to CSV.
In Figure 4 we plot the total CSV contributions from industries, as well as the individual contributions from the semiconductor and energy industries. Figure 4 clearly illustrates the buildup in strength of the semiconductor factor in the late 1990s. In the wake of the internet bubble, the strength of the semiconductor factor reaches a peak of nearly 30 bps, but has since become considerably weaker. By contrast, the energy factor overtook semiconductors in 2005 and has strongly dominated ever since. In recent years, energy has been one of the main drivers of CSV due to industries.
In Figure 5 , we present the total CSV contribution from style factors, as well as the individual contributions from the volatility and momentum factors. For most periods -but especially during market turbulence -the volatility factor was the main contributor to styles CSV. There were only a Decomposing Cross-Sectional Volatility few, brief periods when momentum was stronger than the volatility factor, and these tended to be periods of relative calm.
An attractive feature of our methodology is that it enables a direct apples-to-apples comparison of the strength of individual country, industry, and style factors. For instance, as seen in Figure 5 , the volatility factor made a maximum CSV contribution of about 170 bps, while momentum made a peak contribution of roughly 70 bps. By contrast, even a strong industry factor such as energy rarely exceeded 30 bps. Japan, a particularly strong country factor, made a maximum CSV contribution of about 70 bps, but has contributed in the range of 10-30 bps since 1997.
Traditional managers are primarily interested in performance relative to a benchmark, and hence CSV is of the greatest relevance. Hedge fund managers, on the other hand, may be more interested in the drivers of absolute returns. To identify the drivers of absolute returns, we use the root mean squared (RMS) return, defined as   2 n n n s r wr
Note that since the RMS measure uses absolute returns (as opposed to relative returns), it is strictly larger than CSV. In Appendix A, we show how to apply the x-sigma-rho formula to decompose RMS into contributions from individual factors.
In Figure 6 we plot total RMS levels, as well as contributions from factors and stock-specific sources. The total RMS is qualitatively similar to the total CSV presented in Figure 1 , except that total RMS levels are slightly higher than CSV levels, as expected. A more significant difference is that the factor contribution to RMS is significantly greater than the factor contribution to CSV. The underlying reason is that the world factor contributes to RMS, but not to CSV. This can be seen mathematically from Equation 5, since the CSV of the world factor is zero. By contrast, the RMS of the world factor is 1, which contributes to total RMS via Equation A17. In essence, the world factor explains the mean return of the estimation universe, but cannot explain anything relative to the mean.
The total 2 R of the model is defined as
The ratio of the factor contribution to RMS to the total RMS gives the total 2 R of the model. During periods of extreme market volatility, such as 2009, the factors actually contributed more to RMS than the specific returns, indicating that the total 2 R of the model exceeded 50 percent during these periods.
In Figure 7 , we plot the contribution to RMS return coming from countries, industries, styles, and the world factor. Comparing 
Summary
We present a new framework for analyzing the global equity markets. Our approach leverages the x-sigma-rho attribution methodology to provide a decomposition of cross-sectional volatility. This enables us to identify the drivers of CSV at the individual factor level, or to aggregate contributions to find the relative importance of each factor category. We use our approach to investigate the relative importance of industries, countries, and styles, as well as to study the strength of emerging markets versus developed markets. The methodology can also be extended to decompose RMS returns, which are more relevant for absolute return managers.
Figure 1
Total cross-sectional volatility (CSV) per month (solid line). The long-dashed line is the contribution to CSV from specific returns, and the short-dashed line is the contribution from factors. Lines were smoothed using 12-month moving averages. 
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Figure 6
Total cross-sectional root mean square (RMS) return per month (solid line). The long-dashed line is the contribution to RMS from the specific component, and the short-dashed line is the contribution from factors. Lines were smoothed using 12-month moving averages. Total RMS Specific Factor Please refer to the disclaimer at the end of this document.
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Figure 7
Decomposition of factor RMS according to factor type. Lines were smoothed using 12-month moving averages. 1994 1996 1998 2000 2002 2004 2006 2008 2010 Monthly RMS Contribution (Percent) 
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